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Abstract: Fuelled by energy security problems and urban air pollution challenges, several countries
worldwide have set the objective to gradually eliminate petrol and diesel cars. The increasing
support from government and demands for environmental friendly means of transportation are
accelerating the use of battery electric vehicles. However, it is indispensable to have accurate and
complete information about their behaviour in different traffic situations and road conditions. For the
experimental analysis carried out in this study, three different electric vehicles from the Edinburgh
College leasing program were equipped and tracked to obtain over 50 GPS and energy consumption
data for short distance journeys in the Edinburgh area and long-range tests between Edinburgh and
Bristol (UK). The results showed that the vehicles’ energy intensities were significantly affected by the
driving cycle pattern, with a noticeable diminution due to low temperatures. It was found that the
real available range of the electric vehicle in some situations could be 17% lower than the predicted
mileage shown in the dashboard of the vehicle. The difference from the New European Driving
Cycle (NEDC) values was even higher. The study has also provided a discussion on the effect of the
electricity mix on carbon emission reduction.
Keywords: electric vehicle; sustainable development; driving cycle; climate change
1. Introduction
Sustainable development is believed to be the solution to excessive dependence on fossil fuels,
which is responsible for climate change with hazardous environmental impacts, and the potential
dearth of these resources. The transportation sector, which can be categorised into subsectors including
road, aviation, railway, waterways and international marine transportation, is heavily dependent
on fossil fuels. The World Oil Outlook 2017 claimed that in the year 2017, this sector accounted for
the 54.6% of world oil consumption [1]. According to this report, by 2040, the transport sector will
consume 64.9% of the world’s oil consumption, expecting an increase of 10.3% from 2017–2040.
To improve this situation, actions should focus on a modal shift to more sustainable means of
transport, and on the use of more efficient and less polluting transportation through awareness raising
and training.
Passenger flow forecasting is the basis for improving transport services, providing early warning
for sporadic urban traffic events and making cities smarter and safer. Related to this, Liu and Chen [2]
proposed a new passenger flow prediction model that uses deep learning methods to predict passenger
flow per hour for Xiamen’s BRT (Bus Rapid Transit) stations. Their article offered a review of passenger
flow prediction models that have been developed by other authors.
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Global port activity and cargo-handling operations increased rapidly in 2017, after two years
of mediocre performance. According to the United Nations Conference on Trade and Development
(UNCTAD), the world’s container ports handled about 752.2 million- twenty-foot-equivalent-unit
(TEUs) in 2017. Such a significant increase in international container trade volumes has required the
marine container terminal (MCT) operators to improve terminal productivity and efficiency to meet
the growing demand [3]. Dulebenets [4] proposed in 2017 a memetic algorithm with a deterministic
parameter control to facilitate the programming of moorings in the MCTs, and to minimise the total
cost of the ship’s service. In 2018, a multi-objective mathematical model and a solution algorithm
were developed that can facilitate the design of profitable vessel schedules and assist liner shipping
companies with the analysis of important trade-offs between conflicting objectives.
Regarding the international maritime sector’s commitment to reducing greenhouse gas emissions,
the International Maritime Organisation (IMO) adopted an initial strategy to reduce annual greenhouse
gas emissions from ships by at least 50% by 2050 compared to 2008 levels. For air pollution, the global
limit of 0.5% for the sulphur content of fuel oil used on board ships will take effect on 1 January 2020.
In order to ensure uniform application of the global sulphur limit, it is important that ship owners
consider and adopt various strategies, such as the installation of flue gas scrubbers and the transition
to liquefied natural gas and other low sulphur fuels [5].
In the case of air transport, during the last decade, CO2 emissions in this industry have increased
by more than 6%, with the most important source of these emissions being the fuel consumed by aircraft.
Several methods have been proposed to reduce CO2 emissions in the airline industry. Cruise control is
one of the newest tools offered for this purpose, allowing aircraft speed to be adjusted [6]. Jalalian,
Gholami, and Ramezanian [7] developed a non-linear multi-target mixed integer scheduling model
to integrate flight scheduling, aircraft trajectory assignment and gateway assignment, with the goal
of reducing CO2 emissions and increasing the level of passenger service. These authors provided a
review of previous research related to reducing fuel consumption and CO2 emissions.
In the case of rail transport, interruptions disrupt passenger transport on a daily basis.
An interruption disables the timetable, the circulation of rolling stock and the crew’s timetable.
Wagenaar, Kroon, and Fragkos [8], presented the concept of dead-heading travel and adjusted passenger
demand in the rolling stock rescheduling problem (RSRP). The results showed that dead-heading trips
is useful in reducing the number of cancelled trips.
On the other hand, the development of rail transport would help drastically reduce environmental
pollution, requiring less energy consumption and less dependence on oil, thus reducing greenhouse
gas emissions and reducing the use of cars and trucks. While 8% of world transport is done by rail,
the volume of GHG that it generates is 3.6%.
Statistics demonstrate that the highest share of oil in the world is consumed by the road sector.
According to the International Energy Agency (IEA), by 2030, oil will represent around 43% of all
energy used in road transportation [9]. Consequently, road traffic greatly contributes to greenhouse
gases (GHG) emissions, various health-damaging pollutants, such as nitrogen dioxide, toxicity to
humans, acidification and noise nuisance [10].
It is predicted that global car sales will more than double by 2050 [11]. The annual energy demand
in the European Environment Agency (EEA) member countries grew by 38% between 1990 and 2007.
The energy consumption decreased 3% between 2007 and 2016. However, there was a net growth of
34% between 1990 and 2016 [12]. Energy consumption in the transportation sector has increased among
all countries that are not part of the Organisation for Economic Co-operation and Development (OECD),
where 80% of the global population lives. In these regions, the standard of living, and therefore the
purchasing power for personal transport, rises together with the economic growth. In consequence,
an average annual increase rate of 2.5% is expected in the energy consumption of the transport sector
by 2040 [13].
The energetic, environmental and economic impact concerns caused by increasing global transport
make it essential to work towards a more sustainable transportation system. A possible solution
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adopted by many national governments is the introduction of battery electric vehicles (BEV) [14]. These
vehicles, powered by renewably-generated electricity stored in batteries are a low carbon alternative to
internal combustion engine vehicles (ICEVs) [15]. Even though the emissions from manufacturing
BEVs are still greater, they can significantly reduce emissions per kilometre travelled as compared with
conventional vehicles [11]. Therefore, they could have a significant impact in the reduction of urban
air contamination and in transportation energy security [16].
The mileage range for most electric vehicles is around 96–145 km, and the batteries up to this range,
are handy in size, compact and not too heavy. The mentioned vehicles are already technologically
developed and have affordable prices. However, there is public distrust in the implementation
of electric vehicles, mainly due to the longer mileage, faster refuelling and higher performance of
conventional combustion engines. This opinion does not take into consideration that small electric
vehicles have the capacity to more adequately and economically meet the mobility habits of a vast part
of the population.
Complete information about road situations and traffic condition and accurate data on routes
and driving cycles are of vital importance to determine the effectiveness of control strategies and to
determine the advantages (if there are) of driving BEVs under real driving conditions.
The contributions of this study are the following: (1) the energy consumption of three different EVs
was measured for different driving routes to analyse the effect of the road on the energy demand and to
compare the results with the manufacturers’ theoretical data. (2) The real energy consumption values
were compared to the values obtained from the simulation software developed by Muneer et al. [14],
with more accurate results than the ones shown in the dashboards of the vehicles. (3) The effect of the
electricity generation mix, and thus policies related to the sustainability of different countries, on CO2
was shown.
2. Literature Review
2.1. Decarbonisation of the Transport Sector
The problems related to the urban air pollution and energy security are accelerating the replacement
of gasoline and diesel cars by battery electric vehicles. The 60% greenhouse gas emission reduction
target established in the Transport White Paper 2011 [17] is one of the priorities of the European
Commission [18], and many countries are establishing goals and bans related to the use and purchase
of vehicles. Subsidies for BEV users, legislation and changing government policies and investments in
charging infrastructures are some of the actions that different countries are taking towards this goal.
France, for example, with the objective of meeting their ambitious targets under the Paris climate
accord, wants to stop the sale of diesel and petrol vehicles by 2040 [19]. Germany needs to reduce its
greenhouse gas emissions by 40% of the emissions level in 1990 by 2020 to meet the German agenda
for sustainable development and pollution control [20]. With this purpose, many cities and towns
have introduced diesel bans [21]. As the purchasing power of the middle class increases, the number
of vehicles in India is expected to increase notoriously in the near future, which will directly affect
the pollution of many Indian cities, which are already some of the most contaminated in the world.
Due to this fact, the Indian government wants to promote the purchase of electric vehicles and to ban
the sale of vehicles that are not powered by electricity by 2030 [21]. In China, due to the increasing
issues related to energy security and air pollution, the progress of electric vehicles (EV) is considered
as national development strategy. Public acceptance and market insertion has increased considerably
with the government’s support. The electric vehicle industry in China became the largest EV market in
the world in 2015, and it is growing and progressing greatly with the establishment of new policies [16].
Sweden has also set the objective of a fossil-fuel-free vehicle fleet by 2030 [22]. In Norway,
the objective is to ban the sale of non-zero-emission vehicles by 2025, and because of generous policies
supporting the increased use of electric vehicles, about the 40% of the cars sold in the country in 2016
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were electric or hybrid vehicles [21]. There were only a few hundred BEVs in Norway in 2005, while in
2014, there were around 25,000 electric vehicles [10].
Britain is following a similar initiative. The UK Committee on Climate Change (CCC) claims that
by 2020, 16% of the sales of new cars should be electric vehicles [14]. As part of the government’s
clean air plan, due to the rising levels of nitrogen oxide causing a major risk to public health, they plan
to forbid new petrol and diesel cars and vans from 2040 [23]. The aim of the Scottish government
is to achieve 100% non-fossil-fuel electricity by 2020 [24], and the disappearance of all non-electric
vehicles from the road by 2050 [25]. For decarbonisation of the road, establishment of rapid charge
points every at least 80 km has been approved, and, furthermore, the installation of home charging
points has 100% funding [14].
The Scotland transport literature suggests that 94% of journeys in Scotland are less than 40 km,
with an average distance of 12.1 km [26]. Therefore, most of the drives that take place in Scotland can
be realised with an electric vehicle.
The objective of this research was to promote sustainable mobility and to offer a control strategy in
Scotland. For this purpose, more than 50 electric vehicles’ real-world operational data were monitored
for a period of 4 years. The aim of reading and investigating this information was to analyse real
working parameters and energy consumption, considering key operational features such as road types,
speeds, distances and weather conditions, among others. The tests with the EVs were performed along
the principal roads of Edinburgh, to simulate different road types, for different times of the day and
weather conditions. The research also analysed the CO2 emissions of different driving cycles and the
effect of the energy generation mix in the emissions.
According to Morrissey, Weldon, and O’Mahony [27], the location of and confidence in the
charging infrastructure affects the charging behaviour of BEVs; therefore, real and more accurate EV
data will enhance the confidence of the users in these vehicles. A solid justification of this study is the
necessity to increase the effectiveness of any control strategy which depends on accurate real-world
data to support a real decrease of the environmental impact of the transportation sector.
2.2. Driving Cycle
There has been a notorious increase in interest in matters related to route planning, electric
vehicle mileage range and speed optimisation and composition of vehicle fleets [28,29]. In this vein,
battery electric vehicles are becoming more and more important, as they reinforce the introduction
of sustainable delivery practices [30–32]. The previously mentioned growing government support,
together with population increase and rising demand for zero-emission vehicles, will promote the
improvement of BEVs in the future. The insertion of electric vehicles will not be smooth, since there are
fears concerning their mileage [14]. Even though the energy and maintenance costs are much lower,
EVs typically have less autonomy and payload limitations. The lithium-ion batteries used in these
vehicles have a limited lifecycle and a specific charging and discharging pattern [30].
The actual energy demand of BEVs when they are operating on the streets is usually different
from the manufacturer’s specifications of the efficiency [33]. Legal measures are commonly based
on defined and laboratory-controlled driving cycles, which are available just as summarised values.
However, these values do not represent the local driving conditions and different driving cycles [34].
In day-to-day use, there are several factors, such as acceleration, deceleration, speed, driving duration
and cruise times, among others, that determine the energy demand of electric vehicles for driving a
certain route. It is not the same to drive in a city, where stopping is more frequent, than in a rural
zone, and the person driving the vehicle also influences the previously mentioned parameters [20].
The driving cycle has a great effect on the energy demand [35].
On 1 September 2018, the new Worldwide Harmonised Light Vehicle Test Procedure (WLTP)
approval cycle, more severe and realistic than the New European Driving Cycle (NEDC) used
previously, became effective in Europe. The differences between the different approval cycles (NEDC,
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EPA (Environmental Protection Agency) and WLTP) make it increasingly evident that the real autonomy
of electric cars is not going to be the one announced by the manufacturer.
The “Mind the Gap” report by Transport and Environment describes the growing difference
between official fuel consumption declared by manufacturers and the real consumption (and CO2
emissions) of new cars, estimating that the difference between them is 25% [36].
Therefore, laboratory-controlled driving cycles are not sufficient for battery duration estimations,
EV powertrain design or management of the batteries; transient and real driving cycles are vital to
providing accurate information to electric vehicle users. The correlation between the energy demand
and driving cycle of EVs has been reviewed in detail by Braun and Rid [20] and André [37]. The analysis
and development of driving cycles for specific routes such as rural and urban areas would be of
significant help in the design and optimisation of electric vehicles. Furthermore, this information
would also contribute to increasing confidence in the economic, electricity grid and lifecycle studies
conducted by governments and EV users.
3. Methodology
The objective of this research was to analyse real working parameters and energy consumption
considering road types, speeds, distances and weather conditions. The research also analysed the
CO2 emissions of different driving cycles and the effect of the energy generation mix on the emissions.
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Figure 1. Flowchart illustrating the main steps of the adopted methodology.
3.1. Data Acquisition
The Edinburgh College established a green vehicle-leasing program in the 2012, with the objective
of providing a more sustainable and low cost service to the staff. There are 10 electric cars in total,
including the following manufacturers: Nissan, Renault, Mitsubishi and BMW electric cars, 4 Nissan
vans and an Allied electric minibus in the college fleet available to rent. The most used cars and the
Nissan van were selected for this study.
• Nissan Leaf Acenta.
• Renault Kangoo ZE.
• Nissan eNV200 combi comfort.
Energies 2019, 12, 3074 6 of 22
These vehicles were equipped and tracked to obtain more than 50 GPS and energy consumption
data for 4 years. The table below (see Table 1) shows the technical information of each of the selected
means of transportation.
Table 1. Technical information of the electric vehicles [38–40].
Technical Specifications Nissan Leaf Acenta Renault Kangoo ZE Nissan Env200
Dimensions (m) 4.45 × 1.77 × 1.55 4.28 × 1.83 × 1.84 4.56 × 2.01 × 1.86
Max Power (kW/rpm) 80 44 80
Acceleration from 0 to 100 km/h (sec) 11.50 22.30 14
Autonomy (km) 199 165 167
The development of driving cycles involves [37]:
• Recording driving conditions using one or several instrumented vehicles driven for their
normal purposes.
• Analysing these data in order to describe or characterise these conditions.
• Developing one or more representative cycles for the recorded conditions.
The drive cycle data were collected live for the experiment using the vehicles’ own electronic
control unit (ECU) memory and the CANbus diagnostic port, using a LUFII ELM327 V1.5 mini-wireless
OBD2 diagnostic scan tool that was retrofitted.
3.2. Experimental Analysis
For the experimental analysis of this research work, rural, urban and intercity routes in the
Edinburgh area were selected to monitor and record the energy consumption and speed of the EVs at
various times of the day to obtain economic, environmental and energy performance parameters.
Each route type had specific characteristics. Urban routes are normally roads entering cities
and towns, such as the artery into Edinburgh from the south. It is common to stop and start the car
several times due to the traffic flow and speed restrictions. Extra-urban routes usually have larger
cruise periods, since these roads are partially rural. The traffic flow determines the speed of the
vehicle. The rural route in this test started in the Sighthill campus and ended in the Midlothian campus.
Although a rural route, there were some urban areas with slower speed sections.
The tests were conducted using the car chasing technique; according to Chaari and Ballot [41] and
confirmed by Andre [42], this method:
• Decreases the possibility of manipulation of the driver’s performance.
• Assures the usual driver uses the vehicle.
The drivers of the vehicles were staff of the Edinburgh College of different genders and areas for a
close representation of the drivers in the region, and in all cases the drivers respected legal limitations
on the road.
The only way of knowing the remaining power, and therefore the available distance an electric
vehicle has is the display of the dashboard. Thus, the accuracy of this information is of vital importance
for journey planning.
In order to compare the information that the displays showed with real values, data loggers were
installed in the car with the objective of reading and storing the parameters from the vehicles control
area network (CAN) where the sensors were located. CAN bus information was recorded every second,
while the GPS position was logged every 5 s.
This research contemplated four different studies, which are detailed in the following section
and summarised in Table 2. The experimental trials were carried out in summer and winter climate
situations to obtain greater accuracy in the results and to allow data study on both air conditioning
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and heater usage and the auxiliary energy consumption used for heating the seats or defrosting before
driving, among other features, that the driver would use in a normal situation [43].
Table 2. Characteristics and objectives of the test.
Experiment Vehicle Used Route Aim of the Study
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(a) 80 kilometre route for 3 BEVs
This study compared the energy consumption of the previously mentioned three electric vehicles
covering the same distance on the same route segment. For this purpose, the remaining distance shown
in the dashboard was compared with the New European Drive Cycle (NEDC) values (these values are
given by the car manufacturer to control the accuracy of the vehicle’s electronic control), and with the
real value provided by the data loggers.
The route selected for these tests was 80 km long, it included both urban and rural zones, and the
topography of the road included diverse driving styles to ensure real driving conditions. As the trials
were conducted at various times of the day, they represented realistic traffic conditions [44]. The figure
below shows the route used in the first study (see Figure 2).
The trials were conducted in both winter and summer, when the external temperature was
between −2 and 2 ◦C and between 16 and 20 ◦C, respectively. The internal temperature in the car
was set to 20 ◦C for the driver’s comfort during the driving tests. According to Alahmer et al. [45],
the temperature in the interior of the car affects the driver’s behaviour, thus, in order to reduce the
user’s stress and fatigue and ensure comfort, the internal temperature was set to 20 ◦C.
(b) Urban, rural, mixed combined and intercity cycles
This test objective was to compare the dashboard values, NEDC information and real driving
data for the same car in urban, rural, extra-urban and intercity routes, in order to analyse the effects of
the driving mode and different weather conditions on the energy consumption.
The vehicle used for the analysis of different driving patterns was the Nissan Leaf model [46,47].
In this case, the only information given to the driver was that the vehicle needed to get from one location
to another one, without a planned route. This way, it was possible to consider all driving conditions
without a specific pattern. In all the tests, legal limitations and traffic conditions were followed.
The trials were conducted both in summer time, when the external temperature was between 16
and 20 ◦C, and in winter time, when the external temperature was between −2 and 2 ◦C, to analyse the
effect of temperature on the vehicle’s behaviour and ensure a higher accuracy in the results. The interior
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temperature in the car was 20 ◦C throughout the entire test, using the heater in winter and cooling
ventilation in the summer time.
Auxiliary equipment such as radio, seat heater or interior lighting was used when necessary
depending on the journey, since this would be closer to real world conditions and it is senseless to
conserve auxiliary energy [43].
Energies 2019, 12, x FOR PEER REVIEW 7 of 22 
 
Table 2. Characteristics and objectives of the test. 
Experiment Vehicle Used Route Aim of the Study 
a 
80 km route for 3 
BEVs 
• Nissan Leaf 
• Renault Kangoo ZE 
• Nissan eNV200  
• Mixed route 
• NEDC value vs. 
dashboard value 
• Dashboard value vs. real 
value 
• CO2 emissions analysis 
b 
Urban, rural, mixed 
combined and 
intercity cycles 





• NEDC value vs. real 
value 
• Dashboard value vs. real 
value 
• CO2 emissions analysis 
c 
VEDEC simulation 




• VEDEC software 
estimation vs. real value 
d 
Long-range driving 
test • Nissan Leaf 
• Long distance 
(mixed routes) 
• Performance, energy use 
and CO2 emissions 
analysis and comparison 
(a) 80 kilometre route for 3 BEVs 
This study compared the energy consumption of the previously mentioned three electric 
vehicles covering the same distance on the same route segment. For this purpose, the remaining 
distance shown in the dashboard was compared with the New European Drive Cycle (NEDC) 
values (these values are given by the car manufacturer to control the accuracy of the vehicle’s 
electronic control), and with the real value provided by the data loggers. 
The route selected for these tests was 80 km long, it included both urban and rural zones, and 
the topography of the road included diverse driving styles to ensure real driving conditions. As the 
trials were conducted at various times of the day, they represented realistic traffic conditions [44]. 
The figure below shows the route used in the first study (see Figure 2). 
 
Figure 2. Experimental commute route (Google Maps, 2018). . i t l t t l , .
(c) VEDEC simulation software
For the proper development of electric vehicles, proper simulation of the driving cycle is becoming
more important. Muneer et al. [14], based on the study of Rubin and Davidson [48], developed a
simulation software called Vehicle Dynamics and Energy Consumption (VEDEC). This software is
written in VBA from Microsoft Excel Software and uses dynamic equations for the calculations. It can
estimate the energy and power needs for any vehicle when driving, and it also calculates the available
energy that a car can gain from regenerative braking, compared to the same vehicle without that
system. The software evaluates the differences in energy consumption in different driving modes, such
as acceleration, cruise and gradient-climbing, logging topography maps to the on-board altimeter.
Note that VEDEC software was developed by the present team and was one of the constituent elements
of Milligan’s doctoral research program [49]. The software has been extensively validated using the
measured energy consumption of test vehicles, which included a Renault Kangoo ZE and a Nissan Leaf.
The lack of confidence in the theoretical autonomy of EVs has led to the development of various
software and/or models to estimate the available mileage range of these vehicles, such as the analytical
model developed by Wu et al. [50]. In their study, they first presented a system which can collect
in-use EV data and vehicle driving data. Approximately 5 months of EV data were collected, and these
data were used to analyse both EV performance and driver behaviour. Fiori et al. [51] developed the
Virginia Tech Comprehensive Power-based EV Energy consumption Model (VT-CPEM) to estimate
the driving parameters of EVs, and Hayes et al. [52] presented a simplified EV model to quantify the
impact of battery degradation with time and vehicle auxiliary loads for heating, ventilation, and air
conditioning (HVAC) on the total vehicle energy consumption.
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The third part of this study compared the real driving parameters obtained from the data loggers
with the estimations of this software tool. For these estimations, the program used current experimental
inputs to determine real parameters for a specific location. The simulations in this research were
conducted with a 95% efficiency for the motor and 60% for the regeneration.
For the driving test, a Nissan Leaf model was used; thus, the tools to measure and read the data
were logged in the car. The recorded parameters were the acceleration and deceleration rates, altitude
to estimate the inclination difference, speed, distance and duration of the trip. With these parameters,
the driving cycles were determined for comparison with the estimated values from the software.
The test route this time included urban, extra-urban and rural areas, with the aim of identifying
factors determined by acceleration and speed that were unique for a specific route type. For this
purpose, the car was charged to 100% energy level and driven to the destination, recording the energy
consumption. Once arrived at the destination, the car was recharged. Distance, journey duration and
charge duration were also recorded. Figure 3 shows the mobility activity (%) of the test vehicle on each
type of road, showing the percentages of time the vehicle was accelerating, decelerating, at a constant
speed (cruise) or stationary. The results were different depending on the road type. In the extra-urban
route for example, due to the dual-carriageway nature of the road, higher and more constant speeds
were reached, and therefore the cruise section was larger. The amount of time spent in each mobility
activity directly affected the energy consumption.
Energies 2019, 12, x FOR PEER REVIEW 9 of 22 
 
parameters, the driving cycles were determined for comparison with the estimated values from the 
software. 
The test route this ti e included urban, extra-urban and rural areas, with the ai  of identifying 
factors deter ined by acceleration and speed that were unique for a specific route type. For this 
purpose, the car was charged to 100% energy level and driven to the destination, recording the 
energy consumption. Once arrived at the destination, the car was recharged. Distance, journey 
duration and charge duration were also recorded. Figure 3 shows the mobility activity (%) of the test 
vehicle on each type of road, showing the percentages of time the vehicle was accelerating, 
decelerating, at a constant speed (cruise) or stationary. The results were different depending on the 
road type. In the extra-urban route for example, due to the dual-carriageway nature of the road, 
higher and more constant speeds were reached, and therefore the cruise section was larger. The 
amount of time spent in each mobility activity directly affected the energy consumption. 
 
Figure 3. Mobility activity in different routes. 
(d) Long-range driving test 
In the previous tests, all the journeys were within the driveable range of an EV. However, the 
limited autonomy and poor charging infrastructure are the main drawbacks of the electric vehicles. 
Therefore, the aim of the last test of this study was to analyse the performance, energy consumption 
and CO2 emissions of these vehicles over long distances. These data will help in the improvement of 
the batteries and in the development of the rapid charger infrastructure. 
The Nissan Leaf Acenta electric vehicle was selected to record the long-range test using the data 
recording equipment. 
The journey was conducted over several days through the A701-M74-M6-M5 main route from 
Edinburgh to Bristol, which includes a rapid chargers network known as the “Ecotricity electric 
highway” [53]. The trip was divided into different sectors, so the effect and dependence of the 
elevation and road conditions could also be studied, and the energy consumption on different 
terrains could be compared with internal combustion engine (ICE) vehicles. Figure 4 shows the 


















CRUISE STATIONARY ACCELERATING DECELERATING
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(d) Long-range driving test
In the previous tests, all the journeys were within the driveable range of an EV. However,
the limited autonomy and poor charging infrastructure are the main drawbacks of the electric vehicles.
Therefore, the aim of the last test of this study was to analyse the performance, energy consumption
and CO2 emissions of these vehicles over long distances. These data will help in the improvement of
the batteries and in the development of the rapid charger infrastructure.
The Nissan Leaf Acenta electric vehicle was selected to record the long-range test using the data
recording equipment.
The journey was conducted over several days through the A701-M74-M6-M5 main route from
Edinburgh to Bristol, which includes a rapid chargers network known as the “Ecotricity electric
highway” [53]. The trip was divided into different sectors, so the effect and dependence of the elevation
and road conditions could also be studied, and the energy consumption on different terrains could be
compared with internal combustion engine (ICE) vehicles. Figure 4 shows the distance of the test.
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3.3. CO2 Emissions Calculation
Electric vehicles’ GHG emissions are nil when driving, however, there are emissions related to the
generation of the electricity that drives the battery that need to be considered. The quantity of the
emissions depends on the energy source used in the electricity generation. The dependence on fossil
fuels is being reduced with the help of legislation and new government policies.
In Scotland, with the aim of achieving a complete decarbonisation of the roads by the 2050,
the Scottish government has invested not only in a sustainable fleet of electric vehicles, but also in the
renewable energy sector. The equivalent grid carbon intensity in Scotland in 2014 was 196 gCO2/kWh,
and it was reduced to 151 gCO2/kWh by 2015 [54]. As indicated in Table 3, 42.4% of the power in
Scotland is generated using renewable energy sources. In the UK, the dependence on fossil fuel is
higher and only the 24.5% of the electricity comes from renewable energy sources; thus, the equivalent
carbon emission is 458 gCO2/kWh [55]. Note that taking into account the energy losses between the
source of electricity and the charging station, the efficiency of the charging station and the efficiency of
the batteries, a total loss of 22% has been considered [14,56].
Table 3. Electricity generation by fuel type (Gov. UK, 2016).
Energy Sources (%)
Scotland UK
2015 2016 2015 2016
Coal 16.10 3.90 22.40 9.00
Gas 3.70 6.80 29.50 42.20
Nuclear 34.60 42.80 20.70 21.10
Renewables 42.40 42.90 24.60 24.50
Oil and Other 3.20 3.60 2.80 3.20
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4. Results
4.1. 80 Kilometre Route for Three BEVs
The elevation of the route is shown in Figure 5, and the driving cycle of the tests can be seen in
Figure 6.
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Figure 6. 80 km monitoring cycle—speed—from Midlothian to Galashiels.
Table 4 compares the NEDC values of each vehicle, provided by the manufacturers, with the
estim tion of the available distance shown in t e dashboard and the real values obtained from t e
80 km driving test performed with each elec ric vehicle. In the four c ses, the dashboard show d a
lowe autonomy and the real driv ble range was even lower. This fact only nhances the distrust of
users of EVs, due to concerns about the possibility of ot reaching their destinatio s.
Table 4. Range comparison between NEDC values, dashboard estimations and real values.
Vehicle Used Nissan Leaf Renault Kangoo ZE Nissan Env200Unladen
Nissan Env200
(La en 500 kg)
Summer
Max. range acc. NEDC (km) 199.60 170.60 169.00 169.00
Estimated range in dashboard (km) 149.70 112.70 not available (n.a.) n.a.
Real value (km to depletion) 130.50 109.90 n.a. n.a.
Energy efficiency (km/kWh) 5.92 5.15 n.a. n.a.
Estimated vs. NEDC (%) −25.00 −33.96 n.a. n.a.
Real vs. stimated (%) −12.80 −2.43 n.a. n.a.
CO2 emiss ons/80 km (kg) 2.62 3.00 n. . n.a.
Winter
Max. range acc NEDC (km) 199.60 170.60 169.00 169.00
Estimated range in dashboard (km) 120.70 112.70 112.70 138.40
Real value (km to depletion) 123.10 95.40 109.40 114.70
Energy efficiency (km/kWh) 5.89 4.83 5.75 5.99
Estimated vs. NEDC (%) −39.52 −33.96 −33.33 −18.10
Real vs. estimated (%) 2.00 −15.29 −2.86 −17.14
CO2 emissions/80 km (kg) 2.05 2.50 2.10 2.02
The vehicles’ estimations visible in the dashboard were around 30% lower than the theoretical
values of the vehicles. In the case of the Nissan Leaf, the difference between both parameters was
Energies 2019, 12, 3074 12 of 22
larger in the winter period, so the vehicle is sensitive to the external temperature and auxiliary energy
consumption. When comparing the dashboard values with the real autonomy of the Nissan Leaf,
the results showed that the driveable distance in winter was higher than the autonomy shown in the
dashboard, which confirms the effect of the external weather conditions on the vehicle’s sensors. In the
case of the Renault Kangoo ZE, the difference between the NEDC and dashboard values was the same
during winter and summer; thus, the vehicle’s electronics are not sensitive to weather conditions.
However, the real autonomy of the car was highly affected by the external temperature. The difference
between the dashboard and real values was 2.43% in summer and 15.29% in winter.
The energy efficiency represents the distance travelled using a given amount of energy. The higher
the efficiency, the lower the energy consumption, and thus the lower the CO2 emissions. The results
in Table 4 show that the Nissan Leaf vehicle had the lowest CO2 emissions among all the cars in the
research. However, the weather conditions had an effect on the emissions.
Figure 7 illustrates the comparative values of the NEDC, predicted range and real driving cycle
for the Nissan Leaf during the winter period. Due to the lower external temperature when operating
in winter, the results did reflect a decreased range capability.
Energies 2019, 12, x FOR PEER REVIEW 12 of 22 
 








Nissan Env200 (Laden 
500 kg) 
Summer 
Max. range acc. NEDC (km) 199.60 170.60 169.00 169.00 
Estimated range in dashboard 
(km) 
149.70 112.70 not available (n.a.) n.a. 
Real value (km to depletion) 130.50 109.90 n.a. n.a. 
Energy efficiency (km/kWh) 5.92 5.15 n.a. n.a. 
Estimated vs. NEDC (%) −25.00 −33.96 n.a. n.a. 
Real vs. estimated (%) −12.80 −2.43 n.a. n.a. 
CO2 emissions/80 km (kg) 2.62 3.00 n.a. n.a. 
Winter 
Max. range acc. NEDC (km) 199.60 170.60 169.00 169.00 
Estimated range in dashboard 
(km) 
120.70 112.70 112.70 138.40 
Real value (km to depletion) 123.10 95.40 109.40 114.70 
Energy efficiency (km/kWh) 5.89 4.83 5.75 5.99 
Estimat d vs. NEDC (%) −39.52 −33.96 −33.33 −18.10 
Real vs. estimated (%) 2.00 −15.29 −2.86 −17.14 
CO2 emissions/80 km (kg) 2.05 2.50 2.10 2.02 
The energy efficiency represents the distance travelled using a given amount of energy. The 
higher the efficiency, the lower the energy consumption, and thus the lower the CO2 emissions. The 
results in Table 4 show that the Nissan Leaf vehicle had the lowest CO2 emissions among all the cars 
in the research. However, the weather conditions had an effect on the emissions. 
Figure 7 illustrates the comparative values of the NEDC, predicted range and real driving cycle 
for the Nissan Leaf during the winter period. Due to the lower external temperature when operating 
in winter, the results did reflect a decreased range capability. 
 
Figure 7. Nissan leaf range comparison. 
Figure 8 shows the consumption of the auxiliary energy for heating the Nissan Leaf vehicle 
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Figure 7. Nissan leaf range comparison.
Figure 8 shows the consumption of the auxiliary energy for heating the Nissan Leaf vehicle during
the w nter trials to defrost the car prior to driv ng test. The initial ener y d mand reached a peak
of 4.25 kW and an addi ional 3.75 kW for about 6 min. These affect d the mil a e range achievable
during winter comp red to the summer period. Fi ri et al. [51] also found similar results regarding the
effect of auxiliary systems.Energies 2019, 12, x FOR PEER REVIEW 13 of 22 
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The driveable length of the vehicles is an indicator of the energy efficiency and it is directly related
to the CO2 emissions of the vehicles. Therefore, as exposed in Table 4, the CO2 emissions were higher
when the efficiency decreases. Consequently, the emanation of hazardous gases was higher during
winter periods.
At this point, it is important to mention that the maximum availability of the battery when it
was fully charged and the display in the dashboard indicated 100% was not real. Before the start of
each trip, the vehicle was completely charged, indicated as 100% in the display of the dashboard,
and checking that the charging post showed that further charge was not possible. These data was
verified using the vehicle’s electronic control (ECU) unit and CANbus through the diagnostic port
with a hardware plugin. The results showed that the ECU was recording a lower value of 97% for the
state of charge (SOC) when fully charged, instead of 100% as expected. The experiment was repeated
in many Nissan Leaf cars, and the values mentioned were continuously repeated. The maximum value
that could be achieved was 22 kWh, instead of 24 kWh as stated by the manufacturers, giving a 2 kWh
margin for safe battery control and eliminating the risk of overcharging, irrespective of the charging
source that the car is plugged into.
The variation between the maximum capacity and the energy availability can be caused by
different facts. According to Lam [57], it is related to the temperature and it will be affected throughout
the battery’s life. However, when the battery is being used with higher currents, the available capacity
can also be lower.
There is a need for a further research in the modelling battery recharging and discharging processes
in a tractable way [30]. According to Sauer [58], the battery’s available energy should be measured as
an electrical charge rather than as energy. Bergveld [59] reinforced this fact, claiming that the SOC
should be the ratio between the electrical charge in the battery and the maximum charge it can have.
The fraction between the electric current of the battery and the maximum capacity can define the
instantaneous variation of the SOC [60]. The battery’s terminal voltage and current can vary depending
on the power pattern of each drive cycle [61]. The battery’s power output depends on the terminal
voltage and current [62].
4.2. Urban, Rural, Mixed Combined and Intercity Cycles
The figures below show the elevation and drive cycle of the extra-urban route. Figure 9 illustrates
the elevation and duration of the extra-urban route test. Figure 10 shows the return drive cycle, in which
the speed was approximately 50–65 km/h on the urban roads and 80–96 km/h on the dual-carriage
roads for the same road type, where the energy recovery was applicable in the start and stop of the test
and will therefore be insignificant.Energies 2019, 12, x FOR PEER REVIEW 14 of 22 
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Figure 10. Speed of the vehicle during the extra-urban route.
The second test of the study analysed the difference between the real driving cycle and the
estimat d range shown in the dashbo rd display and NEDC data from th manufacturers for urban,
rural, intercity and extra-urban routes.
These tests were conducted in both summer and winter with a Nissan Leaf vehicle, the external
temperature being between −2 and 2 ◦C in winter and between 16 and 20 ◦C in summer. The results
indicate that the real energy efficiency of the vehicle was co siderably lower than the estimations,
especially during the winter (see Table 5).
Table 5. Nissan Leaf range comparison for different routes.
Route Urban Rural Intercity Extra-Urban
Summer
Max. range acc. NEDC (km) 199.60 199.60 199.60 199.60
Estimated range in dashboard (km) 149.70 149.70 136.80 149.70
Real value to depletion (km) 143.20 130.50 118.40 135.20
Energy efficiency (km/kWh) 6.50 5.92 5. 8 5.63
Estimated vs. NEDC (%) −25.00 −25.00 −31.45 −25.00
Real vs. estimated (%) −4.30 −12.80 −13.41 −9.68
CO2 emissions/80 km (kg) 2.38 2.62 2.88 2.75
Winter
Max. range acc. NEDC (km) 199.60 199.60 199.60 199.60
Estimated range in dashboard (km) 138.40 120.70 148.10 133.60
Real value to depletion (km) 114.30 123.10 115.20 111.40
Energy efficiency (km/kWh) 6.00 5.90 5.30 5.60
Estimated vs. NEDC (%) −30.65 −39.52% −25.81 −33.06
Real vs. estimated (%) −17.44 2.00 −22.17 −16.63
CO2 emissions/80 km (kg) 2.58 2.62 2.92 2.77
The values in the dashboard were significantly lower than the theoretical NEDC values provided
by the manufacturer. The difference was higher in winter. However, the real driveable range of the
Nissan Leaf in different routes was even lower than the estimation of the vehicle. Figure 11 shows
the variance between the NEDC, estimated and real driving discharge periods for the extra-urban
route. The reduction in the distance available in the real driving was significant compared to the
NEDC values.
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Figure 11. Discharge comparison for extra-urban route.
During summer, the autonomy of the vehicle was 143.2 km, but in winter, the available energy
was only enough for 114.2 km. This means a reduction of 20.25% in range. The route was the same in
both seasons, and the same driver drove the vehicle in equal conditions. The only variables in the tests
were the weather and climatic conditions such as temperature, rain and wind. This fact could have a
negative impact on the driver and vehicle reaching their journey’s end. The difference in the driving
patterns for each route, and the effect of the drive cycle in the battery range, confirmed the research led
by Neubauer, Brooker, and Wood [63].
Regarding the energy efficiency and CO2 emissions of the vehicle on different types of road,
the results coincided with many other studies in the fact that the efficiency of the EVs was higher in
urban areas compared to rural, intercity and extra-urban areas [50,51]. Again, the temperature had a
negative effect in the results. It is also worth mentioning that on roads where the speed was maintained
constantly during a period, as, for example, on extra-urban and intercity routes, the energy recovery
will be negligible, since there will not be regeneration. In urban roads, by contrast, the start–stop
process of the car was more frequent and therefore the CO2 emissions were lower.
4.3. VEDEC Simulation Software
The third test of the study compared the real drive cycles with simulations conducted using the
VEDEC software in order to verify the accuracy of the simulation tool on different route types. For this
test, a Nissan Leaf vehicle was driven through urban, rural and extra-urban roads.
A critical parameter when simulating the energy consumption and speed is the rolling friction of
the vehicle. The greater the friction, the lower the distance travelled will be, since the energy demand
to rotate the wheels will be higher. The right hand side of Equation (1a) has components of energy
that include, from left to right, tyre friction, ill climbing, wind drag and change in kinetic energy [14].
Assuming travel on a level road (Equation (1b)) and making µ the subject in Equation (1b), Equation
(1c) [64] was used to estimate the friction coefficient for the vehicles in this test, with a value of 0.0269;
thus, the coefficient utilised for the simulation was between 0.025 and 0.03 depending on the surface
material of the road and the tyre pressure [43]. Note that the authors used the cars mentioned in
Figure 1. The cars were produced in the years 2011 (Nissan) and 2012 (Renault). The value of the
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coefficient of friction quoted was based on information obtained from the manufacturers. Those values














































Cd: coefficient of drag; A: frontal area; ρ: air density; m: mass; g: acceleration gravity; vf: final velocity;
vi: initial velocity; E: energy; ∆d: distance.
Vehicle manufacturers will recommend the lowest friction coefficient for the tyres, since it will
affect in the mileage range of the vehicles.
Table 6 shows the energy consumption and speed estimated values of the software compared to
the real drive cycles for urban, extra-urban and rural routes. In the case of the urban route, the energy
demand estimation was 7.30% higher than the real energy demand and the speed was 2.12% lower
than the real value. The energy meter norm for APT control units was: Active (kWh) = BS EN 50470-3
(Class B ± 1%). Thus, the estimated results of the simulation software are reliable.














































E used (kWh) 2.67 n.a. n.a. 6.73 n.a. n.a. 5.64 n.a. n.a.
E regen (kWh) 0.34 n.a. n.a. 0.32 n.a. n.a. 0.49 n.a. n.a.
E tot (kWh) 2.33 2.16 7.30% 642 6.72 −4.74% 5.15 5.28 −2.56%
Duration (sec) 1196 1196 n.a. 1729 1729 n.a. 2381 2381 n.a.
Distance (m) 11,909 12,162 n.a. 30,095 29,008 n.a. 27,836 27,041 n.a.
Average speed (km/h) 35.85 36.61 −2.12% 62.66 60.40 3.61% 42.09 40.89 2.86%
The accuracy of the estimation values obtained with the simulation software in the case of the
extra-urban and rural routes was much higher. The energy demand estimation was 4.74% and 2.56%
lower for the extra-urban and rural roads, respectively, while the speed was 3.61% and 2.86% higher in
each case. Both routes had longer cruise periods than the urban route, especially in the case of the
extra-urban route which had a dual-carriageway nature. This fact resulted in long high-speed periods
which increased the energy demand even though the journey time was 25% lower than in the rural
route. Both routes showed similar periods of acceleration and deceleration. The rural route had the
highest accuracy in the estimated values.
Fiori et al. [51] developed an energy consumption estimation model which produces an average
error of 5.9% relative to empirical data. Wu et al. [50] proposed an analytical EV power estimation
model with a mean absolute error (MAE) of 15.6%.
Table 7 illustrates the comparison between the route distances shown on the vehicle’s dashboard
with the estimated values of simulation software and the distances taken from proprietary GBmapometer
and Google maps sources. The objective of this comparison was to verify the accuracy of the vehicle’s
parameters and to ensure the UK legislative purposes for any speedometer were fulfilled [14].
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Table 7. Travelled distance comparison and error.
Test Number Vehicle Odometer
Reading (m)













1 27,842.00 28,031.74 99.30 27,440 98.60 27,358.80 98.30
2 29,766.50 30,872.73 96.40 29,590 99.40 29,611.90 99.50
3 11,909.00 12,161.70 97.90 12,350 96.40 11,748.20 98.60
4 12,231.00 12,147.66 99.30 12,340 99.10 11,748.20 96.10
5 30,095.00 29,008.39 96.40 29,680 98.60 29,611.90 98.40
6 27,835.70 27,040.70 97.10 27,390 98.40 27,358.80 98.30
Total 97.70 98.40 98.20
The distance read by the vehicle was very similar to the GBmapometer and Google maps distances,
with less than 2% variation. The accuracy of the measurements of these tools was dependent on the
terrestrial reference system (TRS). The distance values estimated using the simulation software were
within 1% of the distances taken by GBmapometer and Google maps. Therefore, the software’s results
are reliable.
4.4. Long-Range Driving Test
The long-range driving test was carried out using the Nissan Leaf vehicle from Edinburgh to Bristol.
Table 8 shows the distance travelled and energy consumption between each charging point (sector).
The CO2 emissions of each sector were estimated using both Scottish and UK grid carbon intensity
figures and compared to the emissions of an equivalent internal combustion engine (ICE) vehicle.





(km/kwh) CO2e Scotland (kg) CO2e UK (kg)
1 92.61 17.50 5.29 3.39 10.28
2 68.87 13.90 4.95 2.69 8.16
3 61.16 10.30 5.94 1.99 6.05
4 83.33 13.70 6.08 2.65 8.04
5 83.72 15.20 5.51 2.94 8.93
6 74.75 13.80 5.42 2.67 8.10
7 105.53 15.20 6.94 2.94 8.93
Total 569.97 99.60 5.72 19.28 58.49
The weather and road conditions (see Table 9) had an effect on the efficiency of the electric vehicle.
It was noticed that the energy consumption rate was greater at higher driving speeds.
Table 9. Road conditions.
Sector Road Conditions
1 Poor weather, inclination
2 Poor weather, 97 km/h speed maximum




7 Motorway section, behind a good large vehicle
Table 10 shows the consumption and emission values of the Nissan Leaf vehicle and an equivalent
internal combustion engine (ICE) vehicle for the same route. The similar-sized passenger vehicle used
for the comparison was the Ford Focus 1.6.
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Table 10. Electric vehicle vs. internal combustion engine.










Fuel production Fuel production
46 9.17 27.80
The emissions of an electric vehicle depend on the grid mix used to generate the electricity that
powers the battery. The grid mix values used for these estimations were mentioned in the Section 3.3,
0.151 kg/kWh in Scotland and 0.458 kg/kWh in the UK. The CO2 emissions at tailpipe are nil. According
to Lane [65], the tailpipe emissions of the equivalent ICE vehicle are 0.136 kg/km, therefore, in this
route, the total CO2 emissions would ascend to 77.5 kg. However, for a proper comparison of both
vehicles, it is essential to consider the CO2 emissions of the production of the fuel used to power the
car. Both the Scotland and UK values have been used for this estimation.
The results prove that the switch from internal combustion engines to electric vehicles is essential
to achieve a more sustainable transport. Nevertheless, electric vehicles are not free from emissions,
and the numbers shown in Figure 12 show their dependency on the grid. Scotland is very focused
on the achievement of 100% non-fossil-fuel electricity by 2020. Currently, when an electric vehicle is
charged in Scotland, it emits 5.7 times less CO2 than an ICE vehicle. In England, the dependency on
fossil fuels is much larger, and it reduces 2.3 times the emissions of a conventional vehicle.
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5. Conclusions
Even though the mileage range of the electric vehicles in this study was around 160 km, four times
lower than the range of a conventional uel v hi le, it has b en proven that the 94% of the journeys that
tak place in Scotland re l ss than 40 km. The acceptance and confid ce of users in electric vehicles
is still low. One of the main reasons for this is the lack of reli bl information about the achievable
range and performance of an electric vehicle.
The results of this study indicate that the data provided by the manufacturers (NEDC) and the
values shown in the vehicle’s dashboard are inaccurate, and far from being accurate. The values shown
in the dashboards of the vehicles were, in most cases, 30% lower than the theoretical values according
to the manufacturers (NEDC). The difference between the dashboard values and real mileage range
was as high as 13% in some cases. The gap between the estimated values and the real range of the
vehicle was larger during the winter, with differences up to 17% in some cases. The Nissan Leaf vehicle
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had 20% less autonomy during winter for the same extra-urban route. This explains the fact that there
is a decrease in use of the electric vehicles in winter.
The results of the simulation software were much more accurate than the vehicle’s information on
the display; thus, it is possible to have more accurate information. The difference between real and
estimated values ranged between +7.9% and −4.5%. This reduces the risk of battery depletion and
proves that it is possible to have a real prediction of the vehicles’ mileage range using data from real
driving patterns. The dashboard information of the vehicles needs to be modified and adapted to real
values to gain accuracy in the distance and energy availability, and thereby increase the confidence of
electric vehicle users.
Therefore, it is necessary to update the performance measurement systems of the different vehicles,
since the car manufacturers are cheating the policy makers, manipulating the tests and producing
vehicles that only reach their regulatory objectives during tests and not on the road, where the fuel is
burned and emissions occur. Regulatory pressure to reduce CO2 emissions from new cars, significant
tax exemptions for cars with low CO2 test figures and high oil prices have increased the incentive for
car manufacturers to manipulate test results. This manipulation will continue unless policy makers act
to change things.
Regarding the CO2 emissions of electric vehicles, the results showed that these were lower than
the emissions of internal combustion engines. However, even though the emissions in the tailpipe are
nil, there is a clear dependency on the electricity grid. Many countries, with the aim of achieving the
60% GHG emission reduction target, are establishing policies and bans to reduce the use of diesel and
petrol vehicles. There are subsidies to promote the use of electric vehicles. However, as the results of
this study show, the emissions of EVs depend on the electricity generation mix; thus, it is essential
to focus on the electricity generation mix and to reinforce green energy sources in order to achieve
a sustainable transport system. Scotland’s electric infrastructure has augmented the contribution of
renewable energy sources from 32% in 2013 to 42.9% in 2015. Therefore, currently, an electric vehicle in
Scotland emits three times less than a vehicle charged in another location in the UK for the same route.
Electric vehicles are more sustainable and less hazardous than internal combustion vehicles.
However, it is vital to focus on the power generation sources in order to find a solution to urban air
pollution and energy-security-related problems.
Further work will be needed to strengthen the present work by collecting more data on all types of
routes—urban, rural and mixed, combined and intercity. The present study was not truly exhaustive, so
further data will bring into play a combination of varying speeds, road altitudes and driver behaviour.
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